The literature suggests different approaches towards modelling of the environmental impact caused by the production processes. The present paper attempts to establish a framework for multicriteria comparison of agricultural sectors of the European Union Member States and identify the performance gaps in terms of energy-related carbon dioxide emission. The research relies on the two approaches, viz. the by-production approach and the multi-criteria decision making approach. The environmental performance indicators were evaluated in regards to the desirable output (gross value added), inputs, and the undesirable output (carbon dioxide emission). The results indicate that Slovakia, Estonia, Lithuania, and Hungary should attempt to improve their carbon factors by implementing cleaner energy technologies. The combinations of by-production sub-indices suggest that productivity gains are more important for Sweden, Belgium, Poland, and France. Czech Republic, Latvia, and Finland are specific with low performance in terms of both the intended production and the undesirable output. The MCDM approach identified similar trends in performance as suggested by country ranking and correlation analysis.
Introduction
Benchmarking enables to identify the cases of best practice and set targets for development at different levels. From the viewpoint of sustainable development, benchmarking should encompass multiple (possibly conflicting) dimensions. Specifically, economic dimension should be considered along with environmental and social impacts. Therefore, a number of benchmarking techniques have been proposed to allow for an integrated assessment of performance. The underlying idea is to construct composite indicators thereby aggregating multiple dimensions of sustainable development. The European Union (EU) Common Agricultural Policy aims to ensure sustainability and viability of the farming systems in EU Member States. In this context, energy efficiency and energy-related carbon dioxide emission appear as important issues related to mitigation of the climate change. Among other measures, investments in modern equipment and renewable energy production are supported in the new Member States to address the goals of sustainability. In order to quantify the progress in achievement of the sustainability goals, set reasonable targets for development, and design appropriate incentive schemes, integrated assessments are needed. Therefore, the methodology of composite indicators is important for the EU agricultural sectors in order to identify the best practice and effectiveness of support measures.
P. Zhou et al. (2008) argued that the composite indicators reflecting economic activity and the resulting environmental pressures, i.e. environmental performance indexes, can be constructed following either of the two main approaches, namely the direct one and indirect one. The direct approach relies on the production technology. In this case, frontier techniques are applied to estimate the production frontier, which defines the production technology. Data Envelopment Analysis (DEA) is a nonparametric technique that can be applied to estimate the production frontiers and efficiency scores. Environmental pressures can be accounted for by including undesirable outputs in the analysis. The indirect approach applies multivariate techniques to aggregate multiple indicators into composite ones. The key difference between the two approaches is that the direct approach relies upon the economic theory (i. e., neoclassical production theory), whereas the indirect approach is purely mathematical.
In order to estimate environmental performance with respect to the production technology, R. Färe et al. (1989) proposed including the undesirable outputs by assuming weak disposability. In this setting, desirable and undesirable outputs are assumed to be scaled down proportionally. P. Zhou et al. (2016) and K. Wang (2016) presented a survey on applications of the weak disposability models for assessment of environmental performance. A. Zanella et al. (2015) proposed DEA models with weight restrictions for environmental performance. It has also been noted that undesirable outputs might be related to use of certain inputs rather than production of the desirable outputs. Therefore, S. Murty et al. (2012) proposed the by-production approach, where environmental performance is measured with respect to technology defined as an intersection of two sub-technologies (one for intended production and another for residue generation). Cherchye et al. (2015) proposed characterization of input allocation across outputs when constructing environmental performance indicators based on DEA. M. Lábaj et al. (2014) applied different setting of inputs/outputs and DEA models to measure environmental performance of the EU Member States. P. Zhou et al. (2006a) presented slack-based weak disposability DEA models. G. Vlontzos et al. (2014) applied weak disposability DEA model to assess the environmental efficiency of the EU agricultural sectors. T. Li et al. (2016) applied slackbased DEA and index decomposition analysis to analyse energy-related CO 2 emissions across the EU agricultural sectors.
The indirect approach has also been applied in evaluating the environmental performance. Multi-criteria decision making (MCDM) and statistical techniques are applied to construct composite indicators reflecting environmental performance.
M. Nardo et al. (2005) Even though some earlier studies attempted to analyse environmental performance of the EU agriculture in terms, the direct and indirect approaches have not been applied simultaneously. Indeed, there is a need to consider results rendered by different optimization techniques in order to ensure the robustness of analysis and thus deliver proper policy guidelines. Therefore, the present paper addresses the following question: what is the performance of the EU agriculture in terms of production of the intended and undesirable outputs and are these results sensitive to techniques applied?
The aim of the research is to establish a framework for multi-criteria comparison of agricultural sectors of the EU Member States and identify the performance gaps in terms of energy-related carbon dioxide emission. The following tasks are set: 1) to present the DEA and MCDM techniques for analysis of environmental performance; 2) to establish the DEA and MCDM models for analysis of the performance of European agricultural sectors; 3) to compare the results based on the two approaches. The research relies on the data from World Input-Output Database (Timmer, 2015) for [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] .
The present paper proceeds as follows: Section 2 discusses the two approaches to analysis of the environmental performance, namely the by-production approach and the MCDM approach along with the data used. Section 3 presents the results. Finally, conclusions are drawn in Section 4.
Methods
Data Envelopment Analysis approach. The approach proposed by R. Färe (1989) relies on the productive technology represented by a vector of inputs,
where k  1, 2,, K is the index of observations (decision making units) and  k are the associated intensity variables. The by-production approach (Murty, 2012) departs from the above setting by splitting the input vector, x , into the two sub-vectors, x 1 and x 2 , representing m 1 nonpollution-generating and m 2  m  m 1 pollution generating inputs. This gives raise for the two sub-technologies. The first sub-technology, T 1 , is used to model the intendedproduction activities, whereas the second one, T 2 , captures generation of the residues. Assuming free disposability and constant returns to scale, T 1 piecewise-linear approximation as follows:
is obtained by the 
, and constant returns to scale, the residue-generation technology is modelled as follows:
where  k are intensity variables. The by-production technology, T BP , is defined as an intersection of T 1 and T 2 :
S. Murtly et al. (2012) proposed applying Färe-Grosskopf-Lovell index for estimation of the efficiency scores. Let j  1, 2,, n and l  1, 2,, p be the indexes of the desirable and the undesirable outputs respectively. In this case, Färe-GrosskopfLovell index for a by-production technology decomposes as follows:
where y %   y /  , and   b   b with   and  being output-specific efficiency sco-
res. In case of full efficiency,   1 and   (0,1] in general. The values of  1 and  2 indicate the efficiency in producing intended and unintended outputs, respectively. Therefore,  can be decomposed in order to identify the performance gaps with respect to different activities.
Multi-criteria decision making approach. MCDM methods do not require assumptions about the underlying technology (i.e. returns to scale, disposability etc.), yet they do not provide interpretable benchmarks. In general, DEA approach relies on observation-specific weighting, whereas MCDM applies uniform weighting. However, both techniques can be used to construct composite indicators capturing the environmental performance.
Data need to be turned into dimensionless numbers in order to proceed with the MCDM procedure. This is referred to as the normalisation stage. As P. Zhou et al. (2006b) put it, the simplified linear normalisation is an appealing technique as it can handle ratio-scale variables and can be interpreted as the share of the ideal value attained. Let i  1, 2,, m be the index for alternatives and j  1, 2,..., n be the index for criteria. Furthermore, let there be two groups of the criteria, namely cost criteria C and benefit criteria B , where the former ones are minimised and the latter onesmaximised. The initial values x are converted into normalised ones r as follows:
The normalised values can be aggregated into the composite indicator by means of the weighted L metric:
where I i is the composite indicator, w are criteria weights such that
p  1 is the metric parameter. Indeed, p reflects the importance of the shortest distance from the ideal point. Therefore, p  1 renders Simple Additive Weighting (MacCrimmon, 1968) . Another extreme case is p   , which puts all the importance on the highest discrepancy from the (hypothetical) ideal alternative. L. Dıaz-Balteiro and C. Romero (2004) unified the two extreme cases of the L metric into the aggregate one: ] is the coefficient of the relative importance of the L 1 indicator. Specifically,   1 renders a fully compensatory setting, where better performance in one criterion might compensate underperformance in another, whereas   0 yields a fully non-compensatory approach, where only the worst-performing criterion is considered for each observation. In general, higher values of I i indicate better performance. Data used. The research relies on the data from the World Input-Output Database (Timmer, 2012) . The data cover years 1995-2009. Specifically, the research focuses on the data series for the Agriculture, Hunting, Forestry and Fishing sector (NACE 1.1 sectors A-B). In order to facilitate the international comparisons, the gross value added (GVA) and real fixed capital stock are deflated by respective price indices available in the World Input-Output Database (base year 1995) thus constructing the implicit quantity indices. Furthermore, purchasing power parities of 1995 based on the EU-28 Gross Domestic Product are used. Therefore, the monetary terms used in this study are expressed in purchasing power standards (PPS) of 1995, which are devoid of price and exchange rate differences, which otherwise exist among the analysed states. Note that the World Input-Output Database presents material extraction rather than direct material consumption. To model the production process, we also include total hours worked by employees, emission relevant energy use (in terajoules), and CO 2 emissions (in tonnes). The data for Hungary indicate extremely low carbon factor 1995-1998, therefore the value of 1999 is used instead. Table 1 presents the descriptive statistics for the variables used in the analysis. For the DEA-based approach, GVA is treated as the desirable output, whereas CO 2 emission enters the model as the undesirable output. The rest of variables are treated as inputs. Energy use is the input causing CO 2 emission (residue-generation technology). Specifically, DEA considers the ratio of the sum weighted outputs to the sum of weighted inputs (Cooper, 2007) . Therefore, the MCDM approach was applied on ratios of GVA to capital stock, hours worked, and energy along with that of energy to CO 2 emission. To maintain similarity to the DEA-based model, MCDM approach considers the two groups of criteria. First, ratios of GVA to inputs equally share the weight of 0.5. Second, the ratio of energy used to CO 2 emission is assigned the weight of 0.5 alone. All the variables are treated as benefit ones. The DEA models were implemented in the R programming language and package Benchmarking (Bogetoft, 2011) . Calculations for the MCDM approach can be implemented in any spreadsheet package.
The variation in environmental performance indicators is represented by coefficients of the linear trends. Specifically, time period (trend) is treated as the independent variable, whereas environmental performance indicator is considered as the dependent variable. Therefore, the coefficient near the trend variable represents the average annual change in the environmental performance indicator after accounting for random noise. In addition, coefficients of variation (i.e. the ratio of standard deviation to average) are applied to measure the convergence in the environmental performance indicators.
Results
The by-production approach was applied in order to estimate the environmental performance indicators. The data were pooled across the years 1995-2009. Therefore, one can measure the changes in productivity by considering time series of the efficiency scores. Following Eq. 6, the two sub-indices were established, namely those for intended production and undesirable production. As the productive technology includes only one desirable output and one undesirable output, the estimation is even more simplified. In case of the unintended production, it collapses to analysis of the ratios of energy to CO 2 emission (i.e., inverse of carbon factor) under constant returns to scale. As for intended production, the simple DEA model is operational to handle single-output case.
In order to reveal the general trends in environmental performance in European agricultural sectors, Fig. 1 presents the mean values of each component for [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] . This allows one to depict the strengths and weaknesses of each country in realising different dimensions of sustainability. In this particular case, we look at the economic performance and energy-related environmental pressures, as represented by the two sub-indices in Eq. 6. Therefore, it is possible to identify the countries which maintain the balance between the two dimensions of sustainability as well as those which ensure the highest efficiency in general (possibly, even without maintaining the balance between the dimensions of sustainability).
Fig. 1. Mean values of intended production efficiency (beta1) and undesirable production efficiency (beta2) across the European Union countries
Considering the mean values of the two sub-indices, one can note a significant difference in efficiencies of intended and undesirable production. Given some countries are highly heterogeneous in the sense of the efficiency associated with the undesirable out, we apply medians to identify their relative positions with respect to the two sub-indices of environmental performance. Indeed, median average efficiency of intended production (  1 ) is 0.76, while that for the undesirable production (  2 ) is just 0.17 (note that these values are denoted by dashed lines in Fig. 1 ). This indicates that many countries feature excessive carbon factors, which could be reduced by implementing cleaner and/or renewable energy sources. Slovakia and Romania showed the lowest carbon factors. This was mainly driven by the share of gas in the final energy consumption. On the other hand, lower dimensionality of the undesirable production technology automatically implies lower efficiency scores if opposed to technology for the desirable production with several inputs alone.
There are certain countries located in each quadrant delineated by the mean values of the two sub-indices (Fig. 1) . Such a pattern implies that countries are different in the levels of efficiencies associated with intended production and undesirable outputs and these levels differ within certain countries.
The best-performing countries are located in upper-right area on Fig. 1 . These include Romania located separately and the Netherlands, Austria, and Slovenia within another sub-group. Romania is highly distinctive in terms of efficiency associated with the undesirable output (  2 ), which makes it highly efficient in terms of the overall efficiency. The second sub-group is similar in terms of efficiency associated with the undesirable output and heterogeneous in efficiency of the intended production. Anyway, all the countries located in the upper-right area of Fig. 1 exhibit the highest values of both sub-indices thus indicating high degrees of productivity and sustainability. The countries located in the upper-left and lower-right quadrants on Fig. 1 are less sustainable as either of the sub-indices indicates relatively different performance if compared to another one and one value gets lower than the sample median. Slovakia, Estonia, Lithuania, and Hungary constitute a group of countries located in the upper-left of Fig. 1 . These countries show relatively high efficiencies associated with production of the undesirable output (i.e., low carbon factor), yet their efficiency of intended production is relatively low. Sweden, Belgium, Poland, and France fall within the lower-right part of Fig. 1 . Indeed, the latter countries are specific with higher-than-average efficiency of intended production and relatively poor performance in terms of the undesirable outputs. This can be attributed to intensive use of the energy due to specific faming types there (e.g., greenhouse farming). As one can note, the positions of three countries, namely Denmark, Germany, and Bulgaria, are unclear as they feature similar values of the undesirable production efficiency, yet the relative contributions of the two sub-indices vary across these countries. The lower-left part of Fig. 1 comprises the worst-performing countries, where both intended production efficiency and undesirable output efficiency are relatively low. These countries are Czech Republic, Latvia, and Finland. Therefore, the DEAbased by-production model can identify the patterns of environmental performance along with directions for improvement.
The mean values provided in Fig. 1 convey no information on dynamics in efficiency scores, nor do they present the overall by-production efficiencies. In order to identify countries successfully implementing sustainability goals in their agriculture, Table 2 presents the mean efficiency scores along with the coefficients of the linear trend. The latter indicate the gains or losses in efficiency throughout one year. In addition, countries are ranked in terms of both measures to allow for an easier comparison.
It can be noticed that the changes in the two sub-indices of the by-production approach took different directions for many countries. For instance, Lithuania and Finland feature significant differences in ranks for the coefficients of trend associated with the intended and undesirable production. More specifically, Finland showed rather slight increase in efficiency of the intended production (  1 ), albeit its progress in reducing carbon factor and thus increasing efficiency of the undesirable output production (  2 ) was the second highest among the countries analysed. Lithuania showed a steep decrease in efficiency and it was ranked as the second worst country in terms of the dynamics in the efficiency of the intruded production. However, its performance in the sense of generation of the undesirable output was not that low as the trend coefficient was close to zero. Bulgaria, Austria, Latvia, and Sweden also showed remarkable differences in the trends for the two sub-indices of the by-production approach. Out of these countries, Austria showed a more desirable trend for the generation of the undesirable output, whereas the other three countries followed the opposite pattern. Therefore, analysis of the dynamics in the sub-indices of the by-production approach showed that different countries should adopt different strategies (either putting more efforts into improving technical efficiency or focusing on cleaner energy) in improving their environmental efficiency.
The data in Table 2 indicate that most of the countries managed to improve or stabilize their efficiency related to the undesirable output (  2 ), yet the directions for the change in efficiency of the intended production (  1 ) are more diverse. Anyway, negative trend coefficients are observed for minority of the countries analysed. Looking at the overall by-production efficiencies (  ) reveals that Hungary and Romania feature the highest trend coefficients indicating a significant improvement in environmental performance over the time. Therefore, even though the mean efficiency for Hungary is rather low, the trend in change thereof implies that it is likely to improve in the future. The most efficient country, Slovakia, shows a slightly negative trend coefficient implying that it is likely to maintain that status further on. On the other hand, such countries as Belgium and Poland show rather high mean by-production efficiencies, but their trends indicate a possible decrease in the future. Therefore, these indicators can provide one with information regarding both the average performance and its direction of change.
In order to check the sensitivity of the results with regards to the technique employed, we further proceed with the multi-criteria decision making (MCDM) approach (Eqs. 7-9). Note that   0.5 was assumed. The data were normalized with respect to the maximum values of each criterion. Thereafter, aggregation took place (Eq. 9). The resulting indicators represent the environmental performance assumption that criterion weights are the same for each observation (i.e. each criterion has the same importance for each observation). Table 3 presents results for the MCDM approach. Noteworthy, the disaggregation of the results into sub-indices for production of desirable and undesirable outputs is much more complicated for the MCDM approach if opposed to the by-production approach as the non-compensatory term in Eq. 9 can capture under-performance in any dimension. Table 3 summarizes the mean values of the environmental performance indicators as well as coefficients of the linear trends. The ranking of countries is rather similar, yet certain changes can be noticed as Romania and Bulgaria became the second and the third countries in terms of environmental performance, respectively. Under the MCDM approach some changes in ranking are due to the inclusion of the L  norm, which penalizes the old EU Member States (e. g., Austria) due to relatively high capital inputs. Denmark, Latvia, and Czech Republic appeared as the worst performing countries considering the mean values of the environmental performance indicators for 1995-2009. The steepest changes in ranking are observed for Lithuania and Hungary, which ascended by six and five ranks, respectively, due to switching from the DEA-based approach to the MCDM-based one. These changes were driven by the non-compensatory component. Specifically, low labour productivity appeared as the limiting factor for the latter two countries.
The comparison of the results rendered by the two approaches indicates that similar patterns in environmental performance indicators have been obtained under both techniques. Specifically, the coefficient of correlation between the overall byproduction efficiency (  ) and MCDM-based environmental performance indicator is 0.88. However, some the ranking of some countries varied significantly across the two approaches.
An effective environmental policy should seek for convergence in environmental performance. Given the Common Agricultural Policy of the EU aims to increase sustainability of the agricultural sectors, it is important to ascertain whether there has been convergence among the countries analysed in terms of their environmental performance. Furthermore, it is possible to compare the trends associated with different indicators of the environmental performance. Fig. 2 presents the dynamics in coefficients of variation for the overall by-production indicator, its sub-indices and indicator based on the MCDM approach. The highest variation is observed for efficiency of the undesirable output (i.e., inverse of the carbon factor),  2 . Efficiency of the intended production,  1 , and the overall by-production efficiency,  , showed much lower variation. All the three indicators of the by-production approach exhibit slightly negative trends which imply an increase of convergence among the countries analysed. The MCDM approach features a slightly increasing trend. This might be due to the non-compensatory nature of the term based on L  norm. The results regarding the convergence among the countries in terms of their environmental performance are dependent on the approach taken and parameters applied (e. g. weights of criteria). It can also be noted that shocks in environmental performance associated with unfavourable climatic conditions or economic circumstances similarly affected all the indicators in terms of convergence.
The differences in results for some countries can be attributed to differences in methodologies applied. Therefore, one faces a question of which methodology should be followed in the analysis. Indeed, there can be no definite answer given. The main feature distinguishing DEA and the by-production approach from MCDM is that the former techniques rely on neo-classical production theory. Therefore, the observations are used to construct a representation of the production technology. The obtained performance gaps are, therefore, more realistic and that makes DEA-based approach appealing for target setting. However, country ranking without specific focus on the extent of performance gaps can rely on MCDM approach. In the latter case, the use of common weights is often better perceived by the decision makers. by the by-production approach and the MCDM approach Note: beta1 stands for intended production efficiency, beta2 stands for undesirable production efficiency, beta represents the overall by-production efficiency, and MCDM stands for multi-criteria decision making approach.
Yet another feature of the MCDM approach is that it can include the noncompensatory component with a varying degree of importance. All in all, different techniques should be employed in order to check the robustness of the results and allow for differences in preferences of the decision makers.
Conclusions
1. The agricultural sectors of selected European Union countries were assessed in terms of economic and environmental indicators. The two approaches were employed, namely DEA-based by-production approach and multi-criteria decision making (MCDM) approach. The two approaches rely on different methodological foundations as well as computational principles. Therefore, the sensitivity of the estimates of country performance to the choice of the modelling approach was tested.
2. The by-production approach suggested that the countries analysed faced a more severe performance gap in generation of the undesirable output, i.e. energyrelated carbon dioxide emission, if opposed to technical efficiency related to production of the intended output. Specifically, the median of average efficiency for 1995-2009 for intended production is 0.76, while that for the undesirable production is just 0.17. Sweden, Belgium, Poland, and France should attempt to improve their carbon factors by implementing cleaner energy technologies (the aggregate by-production efficiencies ranged in between 0.48 and 0.51 for these countries). Benchmarking, labelling and support policies are the major means for improvements in the latter direction. On the contrary, productivity gains are more important for Slovakia, Estonia, Lithuania, and Hungary (aggregate by-production efficiencies of 0.32-0.73 were attributed to these countries). Czech Republic, Latvia, and Finland are specific with
